The need for improving the robustness, as well as the ability to adapt to different operational conditions, is a key requirement for a wider deployment of robots in many application domains. In this paper, we present an approach to the design of robotic systems, that is based on the explicit representation of knowledge about context. The goal of the approach is to improve the system performance, by dynamically tailoring the functionalities of the robot to the specific features of the situation at hand. While the idea of using contextual knowledge is not new, the proposed approach generalizes previous work and its advantages are discussed through a case study including several experiments. In particular, we identify many attempts to use contextual knowledge in several basic functionalities of a mobile robot such as: behaviors, navigation, exploration, localization, mapping and perception. We then show how re-designing our mobile platform with a common representation of contextual knowledge, leads to interesting improvements in many of the above mentioned components, thus achieving greater flexibility and robustness in the face of different situations. Moreover, a clear separation of contextual knowledge leads to a design methodology, which supports the design of small specialized system components instead of complex self-contained subsystems.
Introduction
The requirement that robotic systems are flexible and robust to the uncertainties of the environment are becoming more and more compelling, as new applications of robotics in daily life are envisioned. A promising approach to meet this kind of requirements is to design the system in such a way that some of the processes, that are required on the robot, can be adapted based on knowledge that we call contextual and that is typically handled in ad-hoc ways or not taken into account. Roughly speaking, one could argue that several tasks that are typical of mobile robots can take advantage of knowledge about context. The notion of context has been deeply investigated both from a cognitive standpoint 1 and from an AI perspective (see for example [29] ). In the former case, the study is more focussed on the principles that underlie human uses of contextual knowledge, while in the latter case, the main point is how to provide a formal account that enables the construction of actual deductive systems supporting context representation and contextual reasoning.
The interest for context in robotics is twofold. On the one side, the design and implementation of experimental systems that are focussed on cognition; on the other side, the need to improve the performance and the scope of applicability of robotic systems by providing them with high-level knowledge and capabilities. Turner [38] specifically addresses contextual knowledge in robotic applications. He characterizes context as: "any identifiable configuration of environmental, mission-related, and agent-related features". Such a definition, that we take as the basis of our approach, highlights a relationship with a more recent stream of work on the use of semantic information in robotics [18] . In particular, as discussed in Section 2, contextual knowledge can be used to represent semantic information, which in many cases corresponds to Turner's notion of contextual knowledge about the environment. Moreover, we provide an architectural framework which enables for an effective engineering of the systems that use such kind of knowledge.
In this work, we show that several uses of contextual knowledge and semantic knowledge have been proposed in the literature regarding many tasks that are typically required on mobile robots: exploration, navigation, behaviors, mapping, localization and perception. For example, there are systems that can improve the map construction process, by knowing that the robot is currently moving in the corridor of an office building. However, contextual knowledge is typically not fully exploited, since it is built in each of the system modules. It seems therefore very appropriate, from an engineering perspective, to build and maintain a single representation of the contextual knowledge that can be used to improve many different processes.
The aim of the paper is to present an approach to robotic system design that 1 Context web http://www.context-web.org/ allows contextual knowledge to be shared and effectively used in order to improve the system performances. More precisely, we aim at pursuing contextualization as a design pattern, where the processes, needed in the realization of a mobile robot, are accomplished with general methods, that can be specialized (thus becoming more effective), by taking into account knowledge that is specific to the situation the robot is facing and that is acquired and represented in a shared fashion. This design pattern can be applied to many robot software architectures and, in particular, to a hierarchical architecture [7] , where different layers correspond to different levels of abstraction. However, we define a context-based architecture, that allows for a suitable implementation of the design pattern, by requiring the explicit representation of contextual knowledge within the system. We have fully implemented our approach in redesigning our prototype mobile robot for search and rescue missions [5] , and have performed several experiments, both in simulation (with USARSim 2 ) and on a real robot, that show improvements of the performance due to the use of contextual knowledge.
The paper is organized as follows. We first analyze the literature on mobile robotics highlighting several uses of contextual knowledge in the major tasks that are needed on mobile robots. We then introduce a context-based architecture and discuss the features of context-based robot design and its instantiation on our mobile robot. We then develop a case study and a set of experiments to evaluate the proposed approach. We conclude the paper with a discussion of the proposed approach and hints for future developments of contextualization in mobile robotics.
Uses of context in robotics
The use of contextual knowledge is addressed in a very broad spectrum of disciplines, here we focus our attention on the proposals addressing context in mobile robotics. We use two dimensions in order to structure our analysis: task addressed and type of contextual knowledge. Specifically, we consider the following tasks: Behaviors, Navigation, Localization and Mapping, Perception. With respect to the type of contextual knowledge, we exploit the characterization provided by Turner and consider mission related, environmental and introspective (agent-related) knowledge. For each of the cited works, we emphasize which kind of contextual knowledge is addressed, even though in most of them contextual knowledge is not explicitily identified as such. Indeed, many of the cited works refer to semantic information as high-level information about the environment. From our point of view, these semantic information constitute in fact contextual knowledge about the environment. Moreover, several works also use information about the current mission (e.g., planning information) and the state of the agent (e.g., the state of the mapping process) that we consider respectively as mission related and introspective contextual knowledge.
Behaviors
It is broadly agreed that context driven choices are useful in robotic scenarios for adapting the robot behaviors to the different situations which they may encounter during execution. This is typically addressed through plan selection (RAPS [11] , ESL [15] , PRS [14] ), hierarchical approaches to planning [35] and meta-rules [34] . Such approaches provide very general planning frameworks, and can thus be used to manage mission related, environmental and introspective knowledge. However, the use of contextual knowledge is embedded in the planning process, and it does not address the integration between the symbolic representation and the underlying numerical data processing.
Turner [38] proposes a plan selection approach which clearly separates context and plan representation. Contexts are represented as contextual schemas (c-schemas), a frame-like knowledge structure. Each c-schema represents a particular context, that is, a particular class of problem-solving situations. A c-schema can contain mission related, environmental and introspective knowledge. Our approach follows Turner's view, by generalizing the representation of context and the types of contextual knowledge.
Another relevant use of contextual knowledge is related to the design of basic behaviors, where it can be used for the fine tuning of the parameters. The use of contextual knowledge for behavior specialization is suggested by Beetz et al. [3] , where environmental and introspective knowledge is used to obtain smooth transitions between behaviors, by applying sampling-based inference methods. Recently, the design of effective behaviors in rough terrains has been pursued by exploiting terrain classification (see for example [33, 21] ). Usually, in these cases, ad-hoc representations, such as behavior maps by Dornhege and Kleiner [9] , are used for representing features like the presence of ramps or open stairs. Nevertheless, this type of semantic knowledge can clearly be viewed as environmental knowledge and can be used to select or tune behaviors. Most of the cited approaches provide rather ad-hoc solutions: our aim is to generalize them in a framework that provides for a more systematic use of contextual knowledge.
Navigation and Exploration
The techniques for motion planning (see for example [24] [25] [26] ) aim at providing rather general solutions. Typically, however, ad-hoc algorithms and heuristics for particular instances of the problem are needed in order to achieve effective implementations. The use of contextual knowledge can support the specialization of general techniques to the problem at hand. For example, Coelho Jr. et al. [19] try to learn the most efficient navigation policies together with context classification, by inferring environmental knowledge from system dynamics in response to robot motion actions.
Very often navigation is embedded into a more complex process, such as search and exploration of the environment, where the mobile platform has to select a target and then try to reach it. When phrasing search and exploration as a multi-objective task, mission related knowledge can change the relative importance of one kind of sub-goal with respect to the other ones. For example, Calisi et al. [5] highlight that search and exploration requires a choice among, often conflicting, sub-goals as exploration of unknown areas and search for features in known areas.
Coordinated search and exploration can also benefit from contextual knowledge. For example, Stachniss et al. [36] propose a coordination algorithm which takes into account environmental knowledge by using semantic place knowledge (e.g., corridors, rooms). Sending at least one robot to explore a corridor allows for a quick discovery of the structure of the environment and thus for a better coordination with the other robots. While the explicit use of context in navigation and exploration is presently only partially addressed, it can be systematically pursued in a system that is designed to exploit contextual knowledge.
Localization and Mapping
Contextual knowledge can be used in robot mapping to describe the abstract structure of the environment. Extending metric maps with semantic knowledge (like rooms, corridors, surfaces) allows the user to interact with a mobile robot in an easy way. In the work by Galindo et al. [13] , environmental knowledge is represented by augmenting a topological map (extracted with fuzzy morphological operators) with semantic knowledge using anchoring. Environmental knowledge is also used in Diosi et al. [8] , where an interactive procedure and a watershed segmentation are employed to create a semantic topological map. Nüchter et al. [32] exploit environmental knowledge (i.e., geometric attributes) to establish correspondences with data, providing for a more reliable and fast process. Two other works addressing the use of environmental knowledge are by Martinez Mozos et al. [28] , in which a semantic topological map is extracted from a metric one using AdaBoost, and by Kruijff et al. [23] , which introduces the paradigm of Human Augmented Mapping, allowing a human user to improve the mapping process by interacting with the robot (using natural language).
Contextual knowledge can also be used for selecting, possibly in a dynamic way, ad-hoc methods. As an example, Hahnel et al. [17] propose a mapping technique in which a probabilistic method to track people is used to improve the mapping process. Environmental knowledge could be used to select such technique in populated environments. Tuning general techniques is another interesting option: for example, feature based SLAM techniques [6, 30] could be substantially improved by using environmental knowledge to select the features. Newman et al. [31] exploit introspective and environmental knowledge by using two different algorithms for incremental mapping and loop closure: efficient incremental 3D scan matching is used when mapping open loop situations, while a vision based system detects possible loop closures. Grisetti et al. [16] define three different phases in robot mapping algorithms, namely exploration, localization and loop closure. This method uses introspective knowledge to detect those phases and to tune the computation accordingly. The use of contextual knowledge can be further exploited, for example, to decide when the robot can stop doing mapping and start to simply localize itself.
Perception
The use of contextual knowledge has a long tradition in Vision, both from a cognitive perspective and from an engineering perspective. Indeed, also robot perception can benefit significantly from contextual knowledge. Moreover, it is through the sensing capabilities of the robot that environmental knowledge can be acquired. In robot perception, normally, an iterative knowledge process occurs: a top-down analysis, in which the contribution given by the environmental and mission related knowledge helps the perception of features and objects in the scene; a bottom-up analysis, in which scene understanding increases the environmental knowledge. Lombardi et al. [27] present an approach to detect the road pixels on an input camera. Environmental knowledge is exploited by tuning the road segmentation algorithm with respect to the current situation, i.e., left curve, right curve or straight road. Torralba et al. [37] use environmental knowledge, extracted from low-dimensional global images, to perform robust place recognition, categorization of novel places, and object priming. An example of the use of visual information to increase environmental knowledge is provided by Kamon et al. [20] , where a learning technique based on grasp trials is used to choose grasping points by considering the geometry of the object to grasp.
Even though our approach is conceived to embody also the perceptive tasks of mobile robots, in this paper we do aim neither at specializing the approach to perceptive tasks (since they are deeply investigated by computer vision literature), nor we address in depth the acquisition of contextual knowledge through the perceptive capabilities of the robot (since our focus is on the uses of contextual knowledge).
Context-based design of robotic systems
In the previous section, we have discussed the kinds of knowledge that are typically considered as contextual knowledge. However, in many cases ( [38, 11] are of course exceptions), the use of contextual knowledge is not supported by a shared representation and a systematic approach to design.
In this section, we present a suitable framework for context-based design of robotic systems. Specifically, our aim is to characterize a context-based robotic system in terms of the following properties:
• Explicit representation of contextual knowledge.
Contextual knowledge must be explicitily represented; such a representation will be the basis for some form of contextual reasoning.
• Context-sensitive behavior.
Contextual knowledge must have direct influence on the whole system's behavior.
In order to suitably address the above requirements, we first propose a contextbased architecture, then discuss how it supports the design of context-based robotic systems and reasoning on contextual knowledge, and finally we present an example.
Context-based architectures
In order to give a formal definition of a context-based architecture, we make use of F-graphs. An F-graph is a directed hypergraph, whose hyperedges have a single node as the origin.
Definition 1 An F-graph is a pair V, E , where V is a set of vertices and E is a set of directed hyperedges. Elements in E are ordered pairs t, H , where t ∈ V and H ⊆ V .
The specific instance of hypergraph has been chosen because we can model, using hyperedges, the connection between a single producer of a datum that is consumed by several other nodes. A multi-F-graph is a F-graph having a multi-set of hyperedges (i.e., E is a multi-set).
Definition 2 A context-based architecture (CBA) is a multi-F-graph, where the set of vertices V is partitioned into four sets (T d/c , R, T c/d , S):
is a finite set of data/context transduction modules • R is a finite set of contextual reasoning modules • T c/d is a finite set of context/data transduction modules • S is a finite set of subsystem modules and the multiset of hyperedges E is partitioned to two multisets (C, D):
• C is a finite set of contextual knowledge elements • D is a finite set of data elements
The following constraints hold for C and D:
A context-based architecture defines a robotic system as a collection of hardware/software modules and their input/output relations. These modules are partitioned into four sets:
Modules in S (called "subsystem modules") provide for robot functionalities, like motion planning or localization and mapping, as well as sensors and actuators allowing the robot to interact with the environment. A conventional robotic system can thus be specified using S modules only: to make a robotic-system context-based we add a feedback controller. The overall structure of the system is shown in Figure 1 . The controller consists of the blocks T d/c , R and T c/d (enclosed in dashed lines) and processes contextual knowledge providing for feedback to the subssytem modules S. Contextual knowledge can in principle refer to any data in S, according to the need of the specific application. Data chosen as contextual knowledge are dynamically converted in symbolic information at every control cycle ("data/context transduction") by T d/c modules. Reasoning on contextual knowledge can help deriving more contextual knowledge ("contextual reasoning"). Contextual knowledge is then translated in inputs for the modules in S, thus allowing the system to control robot's behavior ("context/data transduction").
The two sets of directed hyperedges, namely C (contextual knowledge) and D (data elements), denote the data flows between modules. Elements in C and D are represented as a pair producer, consumers , where both the producer and the consumers are modules. The elements in C represent the connections within the controller, while the elements in D represent the connections between the controller and S and within S.
Finally, in addition to the constraints imposed by the graph structure, in any implementation of the context-based architecture, the controller should satisfy temporal coeherence between its inputs and its outputs. In other words, the controller should keep track of the time reference of each piece of knowledge acquired from S, so to ensure that at each cycle, reasoning about context, takes place on a body of knowledge that corresponds to the situation at the current time. This is easy to achieve if data are acquired from S syncronously. Other implementations are possible, but they are not addressed in the present paper.
Context-based robotic systems
Having defined the structure of context-based architectures, we can now focus on a definition of context-based robotic system.
A robotic system is context-based if and only if:
• it is an instance of a context-based architecture • it represents contextual knowledge in the controller (including mission, environmental and introspective)
In this way, we combine Turner's semantic characterization of contextual knowledge with a specific system architecture, which requires an explicit representation of context, but it is independent of a specific representation. Thus the use of contextual knowledge represents an important design choice for the overall system. In this subsection, we discuss the types of contextual knowledge, while in the next one we address context representation and reasoning.
Following Turner, we have defined three main types of contextual knowledge: mission, environmental and introspective. Knowledge about a specific mission to be accomplished is often used in order to drive the robot behaviors and decision making. However, mission related knowledge is often specified before execution time and has been suitably addressed by several approaches presented in the literature. Consequently, we focus our work on environmental knowledge and introspective knowledge, because they are often acquired, or refined at execution time, and therefore require a context-based architecture. However, the proposed approach does not impose any restriction to other types of contextual knowledge that are proven to be effective for mobile robots.
Knowledge about environment is very closely related to semantic knowledge [18] , since typically it aims at providing a high-level representation of the environment, as opposed to a task oriented interpretation of sensor data. For example, knowing that a robot is in front of a closed door, may be more informative for deciding the behavior of a system, than simply knowing that the laser scan returns a straight line in front of a robot. Rather then providing new forms of exploitation of contextual knowledge about the environment, we aim at providing a systematic approach to deal with it. In fact, we will show that the same kind of contextual knowledge, if suitably represented, can support several tasks that a mobile robot needs to accomplish. In particular, we suggest that, by taking a context-based approach to robotic system design, it is possible to rely on very specialized, efficient methods, leaving it up to the context reasoning the choice of the best suited to the current context.
Introspective knowledge refers to the ability of the system to analyze its own internal state. Contextual knowledge on robot's subsystems includes the specific approach currently used in a given subsystem (e.g., which motion planning algorithm is currently running or what is the maximum speed allowed) as well as knowledge on subsystems' behavior. Notice that this last feature is the basis for the creation of a self-diagnosis process. Finally, contextual knowledge on the controller's internal state includes knowledge on controlling actions taken by the controller in the current control cycle. This allows the controller to reason on its own state. As an example, the controller can check whether it has not enough knowledge about the environment and request an action in order to acquire knowledge about the environment.
In addition to the components of contextual knowledge suggested by Turner, the above characterization of context-based system provides a framework to deal with other uses of contextual knowledge proposed in the literature, thus allowing to broaden the scope of contextual knowledge.
Contextual reasoning
As already mentioned, the architecture proposed in this article is not specific to a given knowledge representation formalism. In order to show the approach we will make use of a rule-based reasoning system and of a simple PROLOG implementation. Other proposals developed a specific formalism to represent contextual knowledge and reason about it on mobile robots [38, 15, 11] , which could be adopted as well.
Contextual representation will, thus, be defined by a set of rules of the form:
where α is a propositional formula over the set of context variables and P ARAM ET ER = value is an assignment of a module parameter to a specific value (often represented as a symbolic value). For example, the rule IF cluttered THEN M AX SP EED = low may be used to express a contextual rule that limits the speed of the robot in a cluttered environment.
In order to maintain a compact representation of the rule set, the rules are interpreted following their order. Therefore, rules acting on the same parameter are evaluated in the specified order and the first whose antecedent is true disables the remaining ones. A default value is also specified in case no rule is active.
For example, with the following set of rules the parameter P will be set to v1 if α is true, to v2 if β is true, to v3 otherwise.
Moreover, in some cases we will use a short notation for describing two or more rules with the same antecedent, as in this example:
An example of context-based robotic system
Designing a context-based robotic system can be regarded as the specification of a suitable context-based architecture (CBA), including: robot's subsystems (S) and data elements (D) (which corresponds to a conventional system); contextual knowledge elements (C) and controller's modules (T d/c , R, T c/d ).
There are basically two ways to accomplish the design. One way is to proceed top-down, by first identifying contextual knowledge. One can then choose, for each subsystem module, a suitable set of parameters, whose value will be controlled using contextual knowledge. If existing S modules are used, one can proceed bottom-up, by identifying contextual knowledge that will be used to choose the values of the parameters. Moreover, it is possible to proceed in both directions, interleaving bottom-up and top-down approaches.
An example of context-based architecture is shown in Figure 2 . In this figure, the modules are partitioned into four blocks, corresponding to the four sets
Arcs represent contextual knowledge (italic labels) and data elements (normal labels) exchanged among modules. Labels between parentheses are not important to the discussion that follows in the next section, but they are important to satisfy the constraints given at the beginning of this section. For example, the module navigation_info takes as input D data from the navigation module and produces contextual elements about the navigation. These elements and the (contextual) elements produced by the environment_info module, allow the R module, called diagnostic, to reason about a possible stall or navigation failure (i.e., to produce C data DWA stalled, RKT stalled, that will contribute to the decisions about, for example, MOTION PLANNER, MAPPING MODE; see next section for details).
It is important to point out that the constraints imposed in Definition 2 prevent modules in S to have direct access to contextual elements. These constraints avoid inverse arcs among the sets T d/c , R, T c/d , S, as well as cycles (apart from the main cycle and possible cycles among modules in the set R or in the set S, that can be desired and useful). These constraints allow also the contextual reasoning set R to be indipendent from the rest of the system, and, thus, to be substituted without having to change the S modules or even the T c/d and the T d/c modules.
Case study: a context-based exploration and search robot
In this section, we describe a case study and several experiments of a real context-based robotic system designed following the contextual architecture presented in the previous sections. In this case study, we both illustrate some details of the approach presented in this article and discuss some experimental results that demonstrate its effectiveness.
The case study is focused on a rescue mobile robots, whose task is to explore an unknown and cluttered environment, build a map, and gather information about victims and other features. The tasks considered in this section are thus navigation, exploration, search and mapping. The general goal is to build a suitable representation of the environment and of the features measured in it.
The choice of such a complex task allows for highlighting many interesting situations, where the performance of the robot can be significantly improved by an appropriate use of contextual knowledge. We start with a rescue robotic system, developed during the past years [5] , thus showing that our approach can be successfully applied without having to re-design the robotic application from scratch.
The following subsections present three fundamental tasks for a search and rescue robotic application: 1) exploration and search, 2) navigation and mapping, 3) SLAM. For each task, we provide a detailed description of the portion of context-based architecture, previously shown in Figure 2 , used to accomplish it. Two forms of contextual knowledge are considered: 1) environment knowledge: terrain slope, clutterness, small passages, dynamic moving obstacles; 2) introspective knowledge: the internal status of software modules (e.g., navigator and obstacle avoidance ones). The experiments have been conducted both on a real robot [5] and on a 3D high-fidelity simulated environment [1] , in order to both collect quantitative data from many simulated experiments and test the reliability of these data on a real robot. We present in detail modules, parameters and contextual reasoning and we discuss experimental results showing the advantages of using contextual knowledge.
Exploration and search
The goal of this first set of experiments is to demonstrate the effectiveness of a context-based architecture in complex and realistic missions. These experiments are performed using a map designed by the National Institute of Standards and Technology 3 for the RoboCup Rescue Virtual Robots competitions 2006. The environment is modeled using the 3-D robotic simulator USARSim and is 500 m 2 . The mission is a typical search and rescue mission, in which the robot has to explore an unknown environment and gather information about it (e.g., build a map and report some interesting features such as possible victims to be rescued). The environment presents some difficulties in order to make it more realistic (ramps, clutterness, rough terrains, narrow passages, etc.). Each mission has to be performed in a limited time (10 minutes in these experiments). The values that have been measured, in order to estimate the effectiveness of the method, are the size of the explored environment and the number of found victims.
The system modules considered in this experiment allow the robot to navigate and build a map of the environment, while searching for possible victims. Figure 3 shows the modules and the parameters that change, according to contextual knowledge, during the task execution. In particular, two parameters of the navigation module are considered in this experiment. The MAX_SPEED parameter is used to limit the maximum speed of the robot and it can assume three predefined values, labeled with { low, medium, high }. While the MOTION_PLANNER parameter is used to switch between two modalities in the motion planner: RKT and DWA. RKT (Randomized Kinodynamic Trees [4] ) takes into account both the real robot shape, robot kinematics and can plan and perform complex maneuvers. It is very precise, but computationally intensive and sensible to localization errors, oscillations and delays: for these reasons it cannot be used at high speeds. DWA (Dynamic Window Approach [12] ), using the current knowledge of the surrounding of the robot, chooses the control commands to move the robot towards the target position. This approach is able to drive the robot at high speeds, but does not take into account the exact shape of the robot and is not able to perform complex maneuvers in cluttered areas.
In Figure 3 we also describe the contextual variables known, cluttered, ramp, rough, used in the experiments and the contextual rules. The behavior of the robot during the experiments is to appropriately control the maximum speed and the accuracy of the motion planner, according to the situation at hand. Therefore, in difficult areas the speed is set to a minimum value for careful maneuvers. When the robot is in a known area the speed is to a high value for fast exploration. A medium value for the maximum speed is used for default. Furthermore, DWA (i.e., fast but inaccurate) motion planner is used in free areas, while RKT (i.e., slow but accurate) is preferred in cluttered areas.
We have evaluated three system configurations: 1) using perfect contextual knowledge (i.e., without errors), C + ; 2) using a more realistic contextual knowledge (i.e., with random errors in the evaluation of the contextual), C − ; 3) without the use of contextual knowledge, N . In the second configuration, the T d/c modules can produce wrong contextual knowledge elements with a probability of 0.2. In the third configuration, the default values we use for the module parameters are: MAX_SPEED = medium and MOTION_PLANNER = RKT.
For each configuration, we run ten experiments in the same environment, but starting from different positions. Each experiment was executed for 10 minutes and size of the explored area and number of victims found were measured. Figure 4 shows the results of these experiments in the three configurations explained above. For each value, average and standard deviation of the ten experiments are given. The size of explored map is given in m 2 and in percentage of the total size of the environment.
Overall, the experiments show that contextual knowledge significantly improves the performance both in the size of the explored map and in the number of victims found. Also the use of imperfect contextual knowledge is useful to improve performance. 
Navigation and Mapping
The second set of experiments aims at evaluating in more detail the use of context-based information for navigation and mapping. These tasks are particularly challenging in a search and rescue mission, given the difficulties of the environment in which the robot operates. In the experiments, we simulate difficult mobility by operating in a two-level environment, with ramps connecting the two levels, and by adding many obstacles, slopes and moving people. Since the robot is not equipped with sensors that are able to extract 3D information, it will produce a 2D map. The 3D structure of the environment actually introduces a significant noise in such a process. been performed both on a real robot and on the USARSim simulator on the same kind of environment (i.e., we modelled in USARSim the same portion of the environment in which the real robot operates) 4 . Figure 5 shows the map of the environment built by the real robot after a successful run and some snapshots of the environment. The figure is annotated with start and check points, positions of the ramps, and areas with moving obstacles and clutter. The environment is 20 m x 10 m.
The system modules, the contextual knowledge and the contextual rules used during the experiments are reported in Figure 6 , with the same meaning of the previous example. In this set of experiments, also the mapping module is affected by contextual reasoning, while we do not consider victim detection. The mapping module uses an on-line scan matching technique to produce a map of the environment, that is suitable for navigation. The mapping module includes two parameters: MAPPING_MODE, that can be disabled or can enable either a static or a dynamic mode, when producing the map, SCAN_MATCH, that can enable or not the scan matcher during the task execution. In contextual knowledge, we distinguish here the knowledge about big and small ramps, to have different behaviors in the two cases. Moreover, we consider the presence of dynamic obstacles (in fact, people moving in the environment during the experiments), as well as introspection about stalls occurred, when using each of the motion planner modules.
The contextual knowledge used in this task is related to both the characteristics of the environment and introspection about the status of the running modules. In particular, we limit the speed of the robot in presence of ramps, cluttered areas and moving obstacles. The appropriate mapping modality is chosen according to the dynamics of the environment, and scan matching is disabled when the robot faces or is on top of 3D obstacles, since this introduce a large error in the 2D map being built. Furthermore, in presence of anomalous situations in the status of the system modules, e.g., when the robot is stalled, the switch of the motion planning mode allows to overcome the problem.
In order to evaluate the performance of the context-based architecture, we use the time needed to reach a set of predefined checkpoints in the environment as evaluation metric. Observe that, although the quality of the produced map is not directly measured, it influences the time measure. In fact, when the quality of the map is poor, the robot may face fake obstacles or get lost, and these situations increase task completion time, or determine a task failure.
The proposed context-based architecture and the system configuration described above have been tested both on a real robot and with USARSim simulator. The results of the experiments are reported in Figure 7 , where the use of contextual knowledge is denoted with C, while two configurations without contextual knowledge are indicated with R and S; experiments labeled with superscript R refer to the real robot, while S is used to denote simulated experiments. For the runs with no contextual knowledge two configurations were tested: R is a risky and fast configuration with SCAN_MATCH = on, MAPPING_MODE = static, MOTION_PLANNER = DWA, MAX_SPEED = high, while S is a safe and slow configuration with SCAN_MATCH = off, MAPPING_MODE = dynamic, MOTION_PLANNER = RKT, MAX_SPEED = medium.
The table shows the results of 5 runs with the real robot (3 with context and 2 without) and 9 runs in the simulator (6 with context and 3 without). For each run, three checkpoints have been considered and time to reach each of them has been reported. It is evident from the experimental results, that most of the times contextual knowledge is critical to actually accomplish the mission. In other words, in such a difficult environment the navigation task cannot be accomplished with a single configuration. As expected, the risky non-contextual configuration R presents many failures, while the safe non-contextual configuration S is much slower. The major reason of failure was the noise introduced by the mapping module when the robot faces 3D structures. In many cases, without contextual knowledge about the presence of ramps, the robot sensors see fake walls, the mapper includes them in the map and the navigation module either is unable to find a path to the target or determines a longer trajectory. A similar situation happens in presence of moving obstacles, since the occupancy grid mapper is too slow to update the map and free the occupied cells. These failures are labeled in the results with 'FAIL (stalled)' and 'FAIL (time)'. Moreover, there are areas (e.g., the big ramp) in which the scan matcher fails, due to reflective materials and noise introduced by the slope. On the other hand, rotating on the ramp relying only to the odometry can give large orientation errors. For this reason, without the use of contextual knowledge the mission results in a failure, due to the robot getting completely lost, being thus unable to reach the target point (these situations are indicated with 'FAIL (lost)'). Finally, notice that there was a single run in simulation (R S 3 ), where the non-contextual setting was better than the contextual one. This was due to a "fortunate" and very dangerous run, in which the robot was able to overcome all the obstacles at a great speed without major collisions.
Overall, this experiment clearly shows that the more complex is the task, the higher increase of performance we can expect from a context-based architec- ture.
SLAM using RFID-like devices
The goal of this experiment is to show that feature based SLAM techniques (e.g., [6, 30] ) can be substantially improved by a context-based selection of the features. The experiments presented in the following assume that the robot is not equipped with a laser range finder, but has the ability to deploy in the environment features (i.e., RFIDs) which can be used as landmarks. The set up we use is similar to [39] which has been successfully applied [2] to Urban Search and Rescue (USAR) domains.
The approach to mapping (and localization) presented in this section differs in at least two ways from the one presented in Section 4.2. First, we have to rely only on odometry and sporadic RFID perceptions. This type of input is considerably noisier than the one obtained from a laser range finder. Second, we process data off-line to obtain a consistent topological reconstruction of the environment. In particular, we adopt EKF-based SLAM [10] , were features are RFIDs, in order to compute simultaneously the locations of the robot and of the RFIDs.
In these experiments, we show that the use of contextual information allows for a choice of where RFIDs must be placed in the environment in order to balance the number of devices released in the environment and the quality of the resulting map. The idea is again to exploit contextual knowledge to place features in key locations that are expected to maximize the information about the location of the robot. Figure 8 summarizes the system modules and the contextual reasoning used for these experiments. In particular, we are interested in controlling the behavior of the RFID deployer module which is in charge of deploying RFIDs in the environment through an actuator. The module can be controlled by two parameters: the operational RFID MODE and the release RFID DENSITY. The first operational mode, called "instantaneous", releases a single RFID and returns. The second one, called "density based", releases RFIDs according to the perceived density of RFIDs in the environment. The latter mode, can be tuned according to a density parameter. For example, we could require to release an RFID when their perceived density is lower then 0.5 RFIDs/meter.
The parameters required to control RFID deployer module can be provided by the contextual reasoning modules in R (i.e., software configuration and RFID deployment in Figure 2 ). These modules implement a policy which is similar to the one sketched in [22] , where RFIDs are released in locations where the robot is likely to return, and, thus, which are likely to be useful for closing loops (see Figure 6 , Contextual Rules).
In order to assess the advantages of using contextual knowledge for this task we compared the presented approach, both in simulated environments and on a real robot, with other "non-contextual" system configurations. In particular, we have measured the quality of the pose estimates returned by "Localization and Mapping" module as a function of the number of RFIDs used in the experiment. The experiments were conducted over multiple runs implementing four types of device release policies:
• No-RFID. We assume that no RFIDs are available to the robot.
• Lim-Density. We assume that a limited number of RFIDs are available to the robot. The parameters of the RFID deployer are statically set to RFID_MODE = density based and RFID_DENSITY = low.
• Unlim-Density. We assumed that the robot has an unlimited number of RFIDs. The parameters of the RFID_deployer are statically set to RFID_MODE = density based and RFID_DENSITY = high.
• Context. We assume that a limited number of RFIDs are available to the robot. The parameters of the RFID deployer are dynamically manipulated by the software configuration and RFID deployment modules.
The data set we used for the experiments on the simulated robot were collected from runs performed on the USARSim Simulator, based on the same map used for the experiments in Section 4.1. During the experiment the robot explored an area of approximately 500m 2 , driving through heterogeneous surfaces and overcoming small obstacles. Figure 9 shows the results of the runs for each of the four methods. In particular, we plot ground truth for poses with a red line and for RFIDs as blue crosses. The reconstructed pose is depicted as a green line. Figure 10 compares the results for the three approaches in terms of 1) the cross-Track error (XTE), which measures the error orthogonal to the true robot path, 2) the along-Track error (ATE), which measures the error The results show that No-RFID policy is the worst because the robot has no perceptions and can not blindly correct its pose estimates. Nevertheless, the introduction of features through the Lim-Density policy, which deploys a minimal number of features according to a predefined density parameter, does not improve the quality of the map. This result can be explained by noticing that RFIDs are not deployed in critical areas as, for example, areas where it is likely to close a loop. A better result can be obtained when using the Unlim-Density policy. In this case, the high density of the features allows a complete coverage of the path of the robot. Despite the minimization of the error this approach suffers of computational inefficiency due to the high dimensionality of the state vector of the EKF. Moreover, the approach may be practically infeasible in large areas where robots should transport huge amounts of RFIDs. The last approach, the one based on the Context policy, outperforms all the others. In this case (see Figure 10) , the dynamic nature of the Context policy allows to minimize the number of deployed RFIDs and the error measures. In particular, notice that the error results are exactly the same as the Unlim-Density showing that each time that the module chose not to deploy an RFID, this was because it actually was not necessary.
We repeated the experiments on a real robot based on the data recorded dur- ing the runs described in Section 4.2. It has already been shown [22] that it is possible to equip robots with RFID-deployment devices and that such devices can be effectively used to correct noisy odometry. Building the entire system is out of the scope of this paper. Instead, we simulated both the release proce-dure and the perceptions. In the first case, when appropriate, the robot stops and requests an RFID release. A colored disc, representing an RFID, is then deployed by an operator. In the second case, we simulate RFID perceptions with a stereo camera. In this case, object recognition is performed by a human operator, who manually selects a portion of the image where the RFID device is. The system estimates position (i.e., distance and angle) of the object with respect to the robot using a calibrated stereo camera (see Figure 12 ).
For these experiments, we provide qualitative results (shown in Figure 11 ), where we show the path reconstructed by SLAM for the four configurations. The results in Figure 11 confirm the ones in simulation. Actually, Lim-Density, which deploys 9 RFIDs, is not able to improve No-RFID, while Unlim-Density is able to correct the pose estimates but requires a large number of RFIDs (i.e., 41). Finally, we can observe that the Context policy allows to minimize the number of deployed RFIDs (i.e., 7) and the error in the pose.
Overall this experiment shows that the use of context can improve the performance of feature-based SLAM in at least two ways. First, we can reduce the number of deployed devices, which are a finite resource, without decreasing the quality of the algorithm. Second, we can increase the quality of the pose (and map) estimate by deploying RFIDs in appropriate locations. 
Discussion and conclusions
In this paper, we have presented an approach to the design of robotic systems, which aims at exploiting the use of contextual knowledge. We have shown that the use of contextual knowledge is not new in robotics, since there are several examples concerning behaviors, navigation/exploration, localization/mapping and perception. In order to deal with contextual knowledge in a more systematic way, we have proposed an architecture and an associated notion of context based system. Our approach is inspired by Turner's work [38] , inheriting the idea that contextual reasoning influences goals, priorities and action selection, as well as determine the parameters of the basic modules. However, there are several significant differences and new developments. First of all, our architecture is not bound to a specific representation formalism and it is restricted to a minimum set of requirements on the control cycle including a new system component for representation and reasoning on contextual knowledge. Moreover, we do not make any assumption on the frequency of the changes in the context, allowing both components that change frequently, as well as, slow changing ones. This allows further generalization of the scope of applicability of contextual reasoning, including new approaches, such as the work focused on semantic knowledge, or specialized approaches to the design of the basic robotic functionalities. In addition, we have developed a case study in search and rescue robotics showing many instances of the proposed context-based design in different system modules. Moreover, we performed several experiments that show how a systematic representation and use of knowledge about the context can lead to interesting improvements of the system performance, in changing operational conditions. Such a generality/robustness of performance is needed in order to design autonomous robots that are not limited to very specific task or environments.
The benefits of a context-based approach to the design of mobile robot systems can be summarized as follows.
• A shared body of knowledge can be taken into account to adapt processes that typically are independent of each other (i.e. map construction and behaviors). This not only can avoid duplication of efforts, but also lead to improvements due to a richer and more refined contextual reasoning.
• The use of contextual knowledge leads to a more modular and specialized design. Selection of the best (simple) ad-hoc method for a given situation can have a better payoff than a complex general method that must be adapted to every specific scenario.
• An explicit representation of the robot internal state allows for of several meta-level functionalities, like diagnosis and system configuration.
The proposed approach can be further developed in several directions. First of all, the design of cognitive robots certainly requires the system to address a number of the issues that are suitably addressed by the context-based design: the construction of cognitive representations of the environment, the ability to change and dynamically adapt, the self-assessment of the system behavior. Furthermore, the context-based design can be pushed as a design pattern leading to systems that are composed by several basic modules that are controlled by a context-based selection/adaptation strategy. Finally, the proposed architecture can be embodied in a learning framework, where the learning process can be applied to learning the most effective choices for a given context.
